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With increasing interest in alternative energy resources and technologies, mass penetration of PHEVs
(plug-in hybrid vehicles) into the electricity grid and widespread utilization of DERs (distributed energy
resources) are anticipated in the near future. As an aggregation unit, the VPP (virtual power plant) is
introduced for load management and resource scheduling. In this article, we develop an energy man-
agement model for VPPs and analyze the cost and emission impacts of VPP formation and PHEV
penetration. We conduct a case study for the state of California using real-world data from ofﬁcial re-
sources. An average of 29.5% cost reduction and 79% CO2 and 83% NOx emission reductions are attained as
shared beneﬁts of consumers in the case study. Results are illustrative of opportunities that VPP for-
mation can provide for the community. Sensitivity of the results to the DER costs and capacities, battery
and gasoline prices are also analyzed. In addition, we prove that charging and discharging do not
simultaneously occur in the solutions, which leads to a simpliﬁcation in traditional energy management
models.
 2013 Elsevier Ltd. All rights reserved.1. Introduction
The development of environmental conscience leads to more
green and renewable energy generation, as well as new energy-
generation technologies. Mass penetration of PHEVs (plug-in
hybrid vehicles) into the electricity grid and widespread utilization
of DERs (distributed energy resources) such as microturbines, fuel
cells, photovoltaic systems and wind systems are therefore antici-
pated in the future. PHEVs are also regarded as DERs due to their
ability to provide energy for the grid. Despite their beneﬁts, using
PHEVs as a type of DER complicates the energy resource scheduling
problem, and aggregating several different generation units further
compounds this challenge. With these changes, energy scheduling
is an emerging subject in the literature.
Several electricity suppliers and DERs can be brought together
to satisfy the demand load. The VPP (virtual power plant), a newly
introduced aggregation unit, is responsible for load management
and resource scheduling. It obtains energy from the DERs, and
contracts with the consumers in order to supply energy to theirrslan), karasan@bilkent.edu.tr
All rights reserved.PHEVs and residential loads. To this end, it creates economies of
scale in a whole new way [1]. VPPs minimize the total cost while
ensuring that the energy generated by the DERs is efﬁciently used.
They have no large-scale infrastructure requirements and can
interact with the smallest DERs with higher efﬁciencies and more
ﬂexibility [2]. This new technology is usually referred to as the
‘Internet of energy’ [1]. Some real-world examples of VPPs are
presented by Nikonowicz and Milewski [3].
The terms VPP and microgrid are usually used interchangeably
with a slight difference that the microgrid can be ‘islanded’ from
the grid whereas the VPP must be connected to the grid [1]. The
aggregator centrally controls energy distribution to a set of con-
sumers with TE (time-elastic) and TIE (time-inelastic) loads. The
latter, such as refrigeration or heating, must be satisﬁed as soon as
demanded, whereas the former, such as PHEVs, can be scheduled as
desired during the connection period. For instance, the PHEV
owner connects the vehicle to the electricity grid after returning
from work in the evening and needs the battery fully charged by
morning. If needed, the aggregator can discharge energy from the
PHEV at any time during the night as long as the battery has
reached its demanded level by morning.
Fig. 1 depicts VPP energy scheduling process. The electricity
suppliers and DERs are referred to as EPs (energy providers) within
the context of this study. Energy transfers between EPs, VPP, the
PHEVs and houses, i.e., TIE loads, are depicted by the arrows.
Fig. 1. Energy scheduling process.
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Our problem is the energy management of a VPP in a PHEV-
penetrated network. We assume that a group of people come
together to form the VPP in order to minimize the cumulative cost
and to beneﬁt from the economies of scale. In the present setting,
this group is obtaining electricity from the national grid with
respect to different tariffs. With the VPP formation, they will
become eligible to attain energy from a different set of EPs for
potential cost reduction. In this context, there are a number of EPs,
including, but not limited to, photovoltaic units, solar and wind
farms, fuel cells, hydrogen fuel cells, biomass units and the national
grid. The cost for obtaining energy from EPs varies through time.
Each EP has an efﬁciency percentage and a minimum and a
maximum power limit. The VPP is responsible for obtaining the
required level of energy from the EPs and delivering the energy to a
set of consumers with TE and TIE loads. If required, the VPP can also
obtain energy from PHEV batteries by discharging them. Preemp-
tion (job splitting) is allowed for PHEV battery charging. The PHEV
battery has a charging efﬁciency, which is the percentage of the
provided energy that it can actually store. Similarly, the discharge
efﬁciency is the percentage of the energy that it can provide to the
VPP from the energy stored in its batteries. Each PHEV has an initial
level of charge; and it charges, discharges and consumes energy
throughout the day. PHEVs need aminimum level of energy and the
battery charge level cannot go below this level. A PHEV travels in a
CD (charge-depleting) mode as long as the state-of-charge of the
battery is above the minimum level, and switches to a CS (charge-
sustaining) mode, traveling using gasoline, once the battery rea-
ches the minimum charge level.
Charge and discharge scheduling is a shared decision between
the PHEV owner and the VPP. The PHEV owner decides when to
connect, how long the connection will last and the mileage to be
traveled in each trip. The VPP is responsible for charge and
discharge scheduling decisions and it provides the energy for the
PHEV, taking into account the gasoline and electricity generation
costs. The VPP achieves this responsibility by dispatching the EPs as
necessary.
1.2. Literature review
The problem of microgrid energy scheduling for a forecast load
with the objective of cost minimization is addressed from several
different aspects in the recent literature [4e20]. Aside from the
microgrid energy scheduling literature, different papers address
the energy scheduling problem in PHEV-penetrated networks [21e
28]. Future trends of PHEVs [29e33] and emission impacts [34e36]
are also considered. Even though an energy management meth-
odology and/or market analysis models are presented, the common
drawback is that the cost and emission impacts are not explicitly
put forward. Sioshansi and Denholm [37] analyze the value of
PHEVs as grid resources and model the charge scheduling of PHEV
batteries. This is a unit commitmentmodel of the ERCOT (Electricity
Reliability Council of Texas) electric power system, formulated as
anMILP (Mixed Integer Linear Program). The objective of themodel
is to minimize the total system cost, which consists of conventionalgenerator costs and PHEV operation costs. The study considers the
cost and emission impacts in the grid domain, but DERs and VPP are
not considered in this study. A later study by Sioshansi [38] uses the
same model and includes another model to make driving and
charging decisions for the PHEV owner. Combining the two, the
paper examines the incentives for individual drivers with different
electricity tariffs. However, the ability to use PHEV batteries as
storage is not included in the model. Sousa et al. [39] address the
problem of energy scheduling from the VPP perspective, also
considering technical constraints such as bus voltage magnitude
and angle limits. The authors schedule PHEV battery charging and
discharging by aggregating PHEVs into units of ten. The objective
function of the model is deﬁned to be cost minimization, but the
charging price for PHEVs is added to the objective function with a
negative coefﬁcient. Therefore, the model actually minimizes the
cost less the income, which implies proﬁt maximization. Due to this
representation, the objective function actually drives the solution
to schedule PHEV charging at time intervals with higher costs. The
presented objective value is always positive in this study because
the income from TIE loads is not included in the objective function.1.3. Summary and contributions
This paper investigates the cost and emission impacts of VPP
formation in PHEV-penetrated networks. In the following section,
we propose a newmodel that minimizes the total cost from the VPP
viewpoint and we present an integer linear representation of the
model. In Section 3, we consider a VPP formation in the state of
California as a case study in order to determine the cost and
emission changes from the case when the consumers obtain energy
from the national grid. Furthermore, we conduct sensitivity
analyses on the battery price, the gasoline price, DER price and
capacities, and present extensive insightful results. We conclude
the study with a discussion of the advantages of the VPP formation
and potential future work directions.2. Modeling the problem
This section is made up of two subsections: the ﬁrst introduces
the VPP energy management model, and the second deals with the
battery degradation cost modeling.2.1. VPP energy management model
The objective of the VPP energy management model is to
minimize the total cost of energy in order to satisfy the loads and to
generate the charging and discharging schedules of the PHEVs. The
parameters and the variables to be used are presented below:
 Parameters
V, U, T: Set of PHEVs, EPs and time periods
Iv,t: 1 if PHEV v is available for charging during period t, and
0 otherwise
lTIEt : Energy demand tomeet the TIE loads during period t (kWh)
Gu;t ;Gu;t: Maximum andminimum energy supply by EP u during
period t, respectively (kWh)
Pv; Pv : Battery maximum and minimum energy capacity of
PHEV v, respectively (kWh)
P0v: Initial energy stored in battery of PHEV v (kWh)
rþv ; rv : Total energy transferable to/from PHEV v during one
time period, respectively (kWh)
sþu ; su : Minimum up and down times of EP u
hEPu : Efﬁciency of EP u due to plant side and transformer losses
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respectively
cEPu;t: Price of obtaining energy from EP u during period t (paid by
VPP to EPs) (¢/kWh)
cgast : Price of gasoline during period t (¢/gallon)
csv: Average gasoline usage of PHEV v (gallon/mile)
dtotalv;t : Total travel distance during period t by PHEV v (miles)
Ev: Energy required to run PHEV v on electricity for one mile
(kWh)
 Variables
eEPu;t: Energy supply by EP u during period t (kWh)
ePHEVv;t : Battery energy level of PHEV v at the end of period t
(kWh)
eþv;t ; e

v;t: Energy transferred to/from PHEV v during period t
(kWh)
xv,t: 1 if PHEV v is charged during period t, 0 otherwise
dCDv;t ; d
CS
v;t : Travel distance in CD (charge-depleting) and CS
(charge-sustaining) mode during period t by PHEV v, respec-
tively (miles)
Ereqv;t : Required energy for PHEV v during period t (kWh)
dv,t: DoD (Depth of Discharge) for PHEV v during period t
f(d): Expected battery replacement cost as a function of DoD
ou,t, su,t, zu,t: 1 if EP u is online, started up or shut down
respectively in period t, 0 otherwise
rv,t: The cost variable of battery deterioration of PHEV v at period
t, (used in battery degradation cost function modeling)
The cost minimization model is as follows:
minimize
X
t˛T
"X
u˛U
cEPu;t  eEPu;t þ
X
u˛U
cSUu  su;t
þ
X
v˛V

cgast  csv  dCSv;t þ

f

dv;t
 f dv;t1þ
#
(1)
subject to
Pv  ePHEVv;t  Pv;cv˛V ;ct˛T (2)
ePHEVv;t ¼ ePHEVv;t1 þ hþv  eþv;t 
1
hv
 ev;t  Ereqv;t ;cv˛V ;ct˛T (3)
ePHEVv;0 ¼ P0v;cv˛V (4)
eþv;t  rþv  Iv;t  xv;t ;cv˛V ;ct˛T (5)
ev;t  rv  Iv;t 

1 xv;t

;cv˛V ;ct˛T (6)
dCDv;t  dtotalv;t ;cv˛V ;ct˛T (7)
dCDv;t 

ePHEVv;t1  Pv
	
Ev
;cv˛V ;ct˛T (8)
dCSv;t ¼ dtotalv;t  dCDv;t ;cv˛V ;ct˛T (9)
Ereqv;t ¼ dCDv;t  Ev;cv˛V ;ct˛T (10)dv;t ¼ 1
ePHEVv;t
Pv
;cv˛V ;ct˛T (11)
X
u˛U
hEPu  eEPu;t þ
X
v˛V
ev;t ¼
X
v˛V
eþv;t þ lTIEt ;ct˛T (12)
ou;t  Gu;t  eEPu;t  ou;t  Gu;t ;cu˛U;ct˛T (13)
ou;t  ou;t1 ¼ su;t þ zu;t ;cu˛U;ct˛T (14)
X
y¼ tsþu
su;y  ou;t ;cu˛U;ct˛T (15)
X
y¼ tsu
zu;y  1 ou;t ;cu˛U;ct˛T (16)
xv;t ; ou;t ; su;t ; zu;t˛f0;1g;cu˛U;cv˛V ;ct˛T (17)
eEPu;t ; e
PHEV
v;t ; e
þ
v;t ; e

v;t ; E
req
v;t ; d
CD
v;t ; d
CS
v;t ; dv;t  0;ct˛T;cv˛V ;cu˛U
(18)
The objective function minimizes the cost of satisfying the res-
idential loads and PHEV travel requirements. The cost components
are: cost of energy generation, startup costs of EPs, gasoline prices
and battery degradation cost which is a function of depth of
discharge (DoD). Details of this function are presented in the
following subsection. Constraints (2)e(11) are related to PHEVs. (2)
enforces the minimum and maximum charge limits for each PHEV.
(3) is the PHEV battery storage balance equation between periods. If
the battery is charged (discharged), the stored energy level in the
battery in the following period is increased (decreased) accord-
ingly. (4) sets the initial battery level of each PHEV. (5) and (6)
jointly ensure that charging and discharging do not occur simul-
taneously in each period and that either can only occur when the
PHEV is connected to the grid. (7) and (8) together force the dis-
tance traveled in CD mode to be the minimum of the ‘actual trip
distance’ and ‘possible travel distance with the available energy left
in the PHEV battery’. (9) sets the CS mode travel distance. (10)
calculates the energy required to travel the trip distance and (11)
calculates the DoD for each period. Constraints (12)e(16) are
related to EPs. (12) is the energy balance equation. The sum of the
total energy obtained from EPs and the discharged energy from the
batteries equals the supplied energy for the PHEVs and the TIE
loads. (13) ensures that the minimum and maximum capacities of
each EP are met, and forces the binary variable ou,t to take value 1 if
energy is generated by EP u in period t. (14) sets the startup and
shut down binary variables to correct values. Constraints (15) and
(16) enforce the minimum and maximum up and down times of
EPs. Finally, (17) deﬁnes the binary variables and (18) forces the
non-negativity on the variables.
Theorem 1. In an optimal solution of the VPP Energy Management
Model, simultaneous charging and discharging do not occur for any
PHEV in any period when the binary variable xv,t is omitted from the
formulation.
Proof. (By contradiction) Assume that charging and discharging
simultaneously occur for PHEV w during period p in an optimal so-
lution of the above formulation when the binary variable xv,t is
omitted. Let eþw;p ¼ a > 0 and ew;p ¼ b > 0. Then the VPP supplies a
units of energy for the PHEV w and receives b units of energy from the
PHEV w. Therefore, the net energy generation required is ab units. On
the other hand, due to the charging and discharging efﬁciencies of the
Fig. 3. Battery degradation cost function and approximating functions.
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units of energy back to the VPP. Then, the net energy stored in the PHEV
w battery is c :¼ hþw  a ð1=hwÞ  b. But c units of energy could be
directly provided by only charging 1=hþw  c units of energy, which is
equal to a ð1=hþw  hwÞ  b. Since hþw < 1 and hw < 1, we have
ð1=hþwÞ  c < a b. Thus, the same level of storage for the battery of
PHEV w during period p could be achieved by generating less energy,
which means less cost. This contradicts that the solution with simul-
taneous charging and discharging is the optimal (i.e., the least-cost)
solution.
In other words, because the batteries are not 100% efﬁcient
when charging or discharging, it is less costly to charge the required
energy directly rather than ﬁrst charging more energy and then
discharging the batteries. Note the non-restrictive underlying
assumption that the more energy obtained from EPs, the more cost
the VPP incurs. As a result of this theorem, binary variable xv,t can be
omitted from the energy management model.
Solving the above model gives the least cost that can be ach-
ieved by the VPP. Observe that if we solve themodel for only a given
vehicle v by taking into account the grid as the single EP, then we
obtain the least cost of this PHEV for traveling the desired trip
mileage if it was in the national grid domain.2.2. Modeling the battery degradation cost
In order to model the battery degradation cost, we follow a
similar methodology to that of Sioshansi and Denholm [40]. The
battery of the PHEV has a limited lifespan and it deteriorates
through usage. Therefore discharging or depleting the battery
shortens its life; and after enough many times, the battery needs to
be replaced. Therefore the VPP incurs a cost each time a battery is
used. The lifetime of a PHEV battery is inversely proportional with
the DoD [41] as shown in Fig. 2.
Therefore, the more the energy is discharged, the less the life-
span of the battery is; and this implies more cost for deeper dis-
charging. The nonlinearity in the battery deterioration cost as a
function of DoD can be approximated with a piecewise linear
function. An example battery degradation function for a battery
that costs $4189 is depicted in Fig. 3. Approximations by a linear
function and a 2-piece piecewise linear function are also depicted
in this ﬁgure.
To handle the linearization of the battery degradation cost
function, we adopted the methodology presented in Nemhauser
andWolsey [42]. Consider a piecewise linear functionwith K pieces
and let aiv be the DoD values at the break points, and f ðaivÞ be the
function values evaluated at each aiv for i˛{1,.,K}. Let
rv,t ¼ [f(dv,t)  f(dv,t1)]þ be the cost variable of battery deterioration
of PHEV v at period t; and liv;t and yv,t be the auxiliary variables usedFig. 2. Cycle life of PHEV batteries as a function of DoD.in linearization. Then, in order to deal with [f(dv,t)  f(dv,t1)]þ term,
we incorporate the following integer linear program into our
model:
minimize
X
t˛T
X
v˛V
rv;t (19)
subject to
rv;t 
XK
i¼1
liv;t  f

aiv


XK
i¼1
liv;t1  f

aiv

;cv˛V ;ct˛T (20)
rv;t  0;cv˛V ;ct˛T (21)
dv;t ¼
XK
i¼1
liv;t  aiv;cv˛V ;ct˛T (22)
l1v;t  y1v;t ;cv˛V ;ct˛T (23)
liv;t  yiv;t þ yi1v;t ;cv˛V ;ct˛T ; i ¼ 2;.;K  1 (24)
lKv;t  yK1v;t ;cv˛V ;ct˛T (25)
XK
i¼1
liv;t ¼ 1;cv˛V ;ct˛T (26)
XK1
i¼1
yiv;t ¼ 1;cv˛V ;ct˛T (27)
liv;t  0;cv˛V ;ct˛T (28)
yiv;t˛f0;1g;cv˛V ;ct˛T ; i ¼ 1;.;K  1 (29)
If
P
t˛T
P
v˛V ½f ðdv;tÞ  f ðdv;t1Þþ term in the objective function of
the VPP energy management model is replaced with
P
t˛T
P
v˛V rv;t ,
and constraints (20)e(29) are appended to (2)e(18), we obtain an
MILP for the energy management problem. The higher the number
of the pieces, the better the approximation is of the nonlinear form.
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Our research aim is to analyze the cost and emission impacts of
VPP formation in PHEV-penetrated networks. In order to achieve
this goal, we consider a group of people forming a VPP in the state
of California. We compare the cost and emission values to the case
when the group members obtain energy from the national grid
with respect to the individually optimized tariffs. This way, we are
able to measure the value of VPP formation. Furthermore, we
consider the VPP formation with and without PHEVs so that we
evaluate the value of PHEVs in this formation. We also carry out
sensitivity analyses on the gasoline prices, battery prices, energy
prices and generation capacities.
3.1. Data
We gathered travel patterns, electricity consumption and pric-
ing data for the state of California. The travel data is based on the US
Department of Transportation’s National Household Travel Survey
[43]. We include 26,408 trips, made by 213 compact cars, mid-size
cars, large cars and small SUVs in an urban area in the case study.
Using this data, we study a hypothetical VPP that serves 574 houses
with 213 PHEVs. The data is regarded as a representation of driving
patterns for 30 generic days, which accounts to 4.132 different trips
daily for each PHEV. The gasoline prices for 30 days are assumed to
vary between $3.037 and $3.059. Actual trip distances ðdtotalv;t Þ are
extracted from the trip data. We assume that all PHEVs and houses
are in the VPP’s area of responsibility and that the electricity de-
mand of the houses and PHEVs is controlled by the VPP.
Hourly electricity demand per household for TIE loads is ob-
tained from Paciﬁc Gas and Electric Company (PG&E) [44] for 30
days. Hourly TIE load data is multiplied by 574 to obtain the TIE load
data ðlTIEt Þ. The hourly TIE load for each of the 30 days changes
between the minimum and maximum limits, as shown in Fig. 4.
The peak power is 0.967 MW.
A day is represented by 24 hourly periods. Similar to previous
studies, including [38], PHEVs that are available for a whole hour
are regarded as available for charging, and Iv,t is set to 1. Average
number of PHEVs on road for each time period is shown in Fig. 5.0
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Fig. 5. Average number of PHEVsTable 1 lists the energy requirements per mile (Ev), battery ca-
pacities ðPvÞ, battery costs, and the mileage that can be traveled per
gallon of gasoline (MPG) in CS mode for each type of vehicle. Ev
values are estimated by the Paciﬁc Northwest National Laboratory
[45]. We calculate the average gasoline usage of a PHEV (csv) as the
reciprocal of MPG. The minimum battery storage level ðPvÞ and the
initial energy stored in batteries (P0v) are assumed to be 10% and 30%
of their capacities, respectively. Charging and discharging efﬁciencies
of the batteries ðhþv and hv Þ are 90%. The charge and discharge limits
per period ðrþv and rv Þ are taken as 2.4 kW for all PHEVs.
The battery costs shown in Table 1 are estimated using the
BatPaC 2.1 tool by Argonne National Laboratory [46] and they are
used to estimate the expected battery replacement cost function
(f(d)) of the batteries. At this point, we note that the expected
battery replacement cost functions for each vehicle type for the
DoD values between 0 and 1 can be approximated by a single linear
function or 2-piece linear function (See Fig. 3). Solving our model
for 30 days with both linear and piecewise linear models, we
observe no statistically signiﬁcant differences in results, but longer
solution times for piecewise linear models. Thus, we assume a
linear model in the subsequent experimentations in this study.
Thirty-four EPs are included in the case study. The data per-
taining to EPs is extracted from the California Energy Comission
DER Guide [47] and the Comparative Costs of California Central
Station Electricity Generation Report [48] and is shown in Table 2
ðGu;t ; cEPu;t and hEPu Þ. For simplicity of the presentation, the mini-
mum and maximum limits of all EPs are assumed to be time
invariant. However, our model is capable of handling time-variant
data provided that proper data is attainable. The minimum limit
ðGu;tÞ is assumed to be 5 kWh for all EPs, and the minimum up and
down times are assumed to be one period for each EP. The VPP can
also obtain energy from the national grid if the capacity of the
existing EPs is not enough to satisfy the demand load. The startup
costs for non-dispatchable units such as wind turbines are simply
zero. We assume that the startup cost for dispatchable EPs is the
cost of running the unit at full power for an hour.
We consider 4 different residential tariff structures of PG&E
[49]: E1, E6, E7 and E9, fromwhich the consumers can select if they
individually obtain energy from the national grid. The tariff13 14 15 16 17 18 19 20 21 22 23 24
riods
on road versus time periods.
Table 1
Vehicle type speciﬁcations.
Vehicle class Energy requirement
[kWh/mile]
Battery capacity
[kWh]
Battery
cost [$]
MPG in
CS-mode
Compact 0.26 8.6 3178 30.2
Mid-size 0.30 9.9 3377 26.4
Large 0.38 12.5 3776 20.6
Small SUV 0.46 15.2 4189 18
Table 2
EP data.
DER type Number
of units
Maximum
limit [kWh]
Price [¢/kWh] EP efﬁciency [%]
Microturbine 2 50 24.43 95.8
Photovoltaics 7 25 26.22 76.0
Wind turbine 8 50 7.24 99.9
Biomass 5 28 10.83 93.0
Fuel cell 3 50 26.65 85.0
Small hydro 5 15 8.65 87.0
Geothermal 4 15 8.31 90.0
Table 3
Emission data.
Technology CO2 NOx Unit
Microturbine 539.8 0.2223 grams/kWh
Biomass 0 0.034
Fuel Cell 385.6 0.0068
Grid (average) 544.3 2.267
Compact car 291.0 0.07 grams/mile (in CS mode)
Mid-size car 335.0 0.07
Large car 395.0 0.07
Small SUV 480.0 0.07
O. Arslan, O.E. Karasan / Energy 60 (2013) 116e124 121structures are presented in Fig. 6. E1 is a ﬁxed pricing throughout
the day, E6, E7 and E9 are different ToU (time-of-use) tariffs, in
which consumers are charged with respect to the time of the day.
Conventional (gasoline powered) vehicles and EPs emit nitrogen
oxides (NOx) and carbon dioxide (CO2), both of which are hazardous
to human health and detrimental to nature. The CO2 and NOx
emission data in Table 3 is obtained from U.S. DOE EERE (Energy
Efﬁciency and Renewable Energy) [50,51] and U.S. Environmental
Protection Agency [52]. Photovoltaics, wind turbine, small hydro
and geothermal are assumed to have insigniﬁcant/zero amounts of
emission.
We solve the VPP Energy Scheduling Model with different set-
tings. The model under consideration has 60,125 (2625 binary)
variables and 118,486 constraints. We solve the models using IBM’s
ILOG CPLEX 12.5 Optimization Studio on a computer with
2.00 GHz dual-core processor and 2.00 GB RAM.
3.2. Value of VPP and PHEVs
We consider 5 scenarios presented in Table 4. In the 1st scenario,
all of the vehicles are considered to be running on gasoline, and the
grid supplies energy for the residential loads. The consumers choose
one of the following tariffs individually: E1, E6, E7, or E9. We assume
that they behave rationally and select the tariff that gives the least
cost. In the 2nd scenario, the vehicles again run on gasoline; but this
time, the VPP manages the energy to minimize the total cost. For
each of the scenarios, we run the optimization model for 30 times
with individualized data pertaining to daily residential loads and
driving proﬁles. The reported cost and emission values are the av-
erages of these 30 runs. The daily average cost in grid domain is
$2720.4, which amounts to an average of $142.1 monthly bill per
house. The average cost in the VPP domain reduces to $2045.8 andFig. 6. E1, E6, E7 and Ethe cost saving of VPP formation is $674.6 per day; in other words, an
average of $35 saving per house in the monthly bill. Even though
both scenarios supply the same level of energy for the residential
loads, the emission reduction is also drastic when the VPP is formed,
because of the fact that the average emission values of the grid are
much higher than those of renewable energy resources.
When the PHEVs are introduced in 3rd and 4th scenarios, cost
reduction is attained in both domains, but the cost reduction is less
in grid domain. Daily average cost savings of VPP formation with
respect to grid in PHEV-penetrated network is $774.4, an average of
29.5% cost reduction. This amounts to $40.5 reduction in the
monthly bill. Emission is again much less in the VPP domain when
compared with the grid domain. 79% CO2 and 83% NOx emission
reductions are attained as shared beneﬁts of consumers in PHEV-
penetrated networks.
PHEVs are running on electricity rather than gasoline in 3rd and
4th scenarios. Hence, the electricity generation increases with
respect to 1st and 2nd scenarios. Because average electricity gen-
eration NOx emission is higher than the PHEV NOx emission (see
Table 3), NOx emission is increasing in both domains when PHEVs
are introduced to the network. Note that CO2 reduces in both VPP
and grid domains when PHEVs are introduced into the network.
Besides VPP and PHEVs, we also include the V2G (Vehicle-to-
grid) capability of the PHEV in the 5th scenario (Actually the
technology is Vehicle-to-VPP in our case). Observe that the cost
reduction is not statistically signiﬁcant. This is because the elec-
tricity cost reduction due to discharging is neutralized by the in-
crease in the battery degradation cost. Refer to Table A.1 in the
Appendix for the breakdown of cost, distance and emission
values. The energy generation is slightly more in the 5th scenario
with respect to the 4th scenario due to charge and discharge cycles
and therefore the emissions increase with V2G accordingly. Though
cost and emission gains seem to be insigniﬁcant, Sioshansi and
Denholm [40] show that the spinning reserve cost reduction can be
very rewarding in the grid domainwhen V2G capability is included.
3.3. Sensitivity to gasoline prices
In scenarios 6e10, the gasoline price changes between $1.5 and
$4.0. Even though the cost values in Table 5 change almost linearly
with the gasoline prices, the three cost components in Table A.19 tariffs of PG&E.
Table 4
Daily average cost and emission comparison of VPP and the grid.
Scenario # Domain PHEV V2G Cost [$] CO2 [kg] NOx [kg]
1 Grid e e 2720.4 10226.8 33.6
2 VPP e e 2045.8 3217.7 4.5
3 Grid þ e 2628.7 9648.2 38.0
4 VPP þ e 1854.3 2031.3 6.3
5 VPP þ þ 1850.7 2042.4 6.4
Table 6
Sensitivity of daily average cost and emission to battery prices.
Scenario # Battery price change [$] Cost [$] CO2 [kg] NOx [kg]
11 0 (as is) 1850.7 2042.6 6.4
12 1000 1781.6 2041.0 6.4
13 2000 1711.4 2042.2 6.4
14 No battery cost 1586.0 2221.0 7.1
Table 7
Sensitivity of daily average cost and emission to DER prices.
Scenario # DER price change [$] Cost [$] CO2 [kg] NOx [kg]
15 1 1850.7 2042.4 6.4
16 1/2 1208.8 1132.1 1.7
17 1/3 958.5 1166.0 0.8
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gasoline cost decreases from $386.6 to $246.8, the electricity cost
increases from $1238.6 to $1418.4 and the battery degradation cost
increases from $15.4 to $244.9. The reason is that when the gasoline
prices increase, the PHEV owners prefer to travel more on the CD
mode. Observe that the decrease in gasoline cost cannot compen-
sate for the electricity and battery cost increases. Therefore, the cost
increases as gasoline prices increase.
The CD mode distances in 6th and 7th scenarios in Table A.1 are
much less than the distances in 8th, 9th and 10th scenarios.
Observe that there is a break-even price between $2.0 and $2.5. For
gasoline costs higher than the break-even price, CD mode driving is
more proﬁtable than CS mode driving in almost every trip. Note
that this break-even price is speciﬁc only for this scenario and
would change in different combination of EPs and/or PHEVs.
3.4. Sensitivity to battery prices
In scenarios 11e14, we analyze the effect of the battery price
change (Table 6). In the 11th scenario, the battery prices for each
PHEV type are as presented in Table 1. In the 12th and 13th sce-
narios, we assume a price reduction of $1000 and $2000 for each
PHEV battery, respectively. In the 14th scenario, we simply do not
consider the battery prices to see how the results are affected.
In the 12th and 13th scenarios, we beneﬁt $69.1 and $139.3
battery degradation cost reduction with respect to the 11th sce-
nario, which amounts to $9.7 and $19.6 monthly cost reduction per
PHEV. Note that the trip distances on CD and CS modes in 13th and
14th scenarios are exactly the same in Table A.1. Therefore one
would expect that the electricity generation costs need to be the
same, since the electricity requirements for both CDmode traveling
and residential loads are the same. But the electricity costs are not
the same as seen in Table A.1. The reason is that, the battery has no
cost in the 14th scenario. Therefore discharging occurs more and
this creates cost savings.
3.5. Sensitivity to energy prices
In the 15th, 16th and 17th scenarios, we consider different EP
prices. 15th scenario uses the pricing data presented in Table 2. 16th
and 17th scenarios assume half and one third of these prices for
each EP (excluding the grid), respectively. Results in Table 7 show
that the VPP obtains the energy for cheaper with decreasing prices,
as expected. Note that the 15th and 16th scenarios have almost
identical CD mileages in Table A.1. Thus, similar levels of electricityTable 5
Sensitivity of daily average cost and emission to gasoline prices.
Scenario # Gas price [$] Cost [$] CO2 [kg] NOx [kg]
6 1.5 1640.6 3155.9 4.2
7 2.0 1764.7 2857.5 4.3
8 2.5 1815.1 2058.4 6.3
9 3.0 1850.7 2042.4 6.4
10 4.0 1910.0 2038.5 6.4are generated in both scenarios. However, the emission values
differ signiﬁcantly. The reason is that when the prices decrease,
more renewable EPs are used to generate the electricity, and the
emissions reduce accordingly.
3.6. Sensitivity to generation capacity
In this analysis, we consider doubling the EP capacities that are
presented in Table 2. In the 19th scenario, capacity expansion re-
sults in more DERs being used to generate the required energy
(Table 8). Thus the cost as well as emissions reduce accordingly.
When there is enough capacity of renewable EPs to satisfy the
demand load, the emission due to generation decreases to insig-
niﬁcant amounts, virtually zero as it is in the 19th scenario (see
Table A.1).
3.7. Sensitivity to hourly energy availability
Though in our illustrative example, we took generation limits as
time-invariant, in reality, photovoltaics and wind turbines are tech-
nologies which by nature have limitations throughout the day. In the
20th scenario, the wind follows a forecasted distribution within the
day and photovoltaics are available depending on the sun angle over
the horizon. We have obtained the distribution of production by
photovoltaics and wind turbines from CAISO Renewables Watch
[53]. The photovoltaics generate electricity from 7 a.m. until 7 p.m.
peaking at noon and the average generation is 25 kWh. The wind
generate energy throughout the day peaking at midnight and the
average generation is 50 kWh. Solving the energy management
model for 30 days, the average daily cost is $1868.62, the average CO2
and NOx emissions are 1931.33 kg and 5.84 kg, respectively. With
current settings, the cost increases from the VPP scenario with V2G
capability (5th scenario) by $25.75 and average CO2 and NOx emis-
sions decrease by 111.07 kg and 0.46 kg, respectively. The increase in
cost is due to the fact that wind turbines generate less electricity in
peak times and energy is provided from more expensive resources
instead. On the other hand, the discharging occurs more in peak
times in order to compensate for the energy production reduction by
wind turbines. This, in turn, reduce the emissions, since discharging
leads to less energy being generated.Table 8
Sensitivity of daily average cost and emission to DER total capacity.
Scenario # DER capacity change [$] Cost [$] CO2 [kg] NOx [kg]
18 1 1850.7 2042.4 6.4
19 2 1606.6 542.6 1.1
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In this study, we consider a group of people forming a VPP in a
PHEV-penetrated electricity network in order to reduce total
electricity spendings through economies of scale. We assume that
the VPP obtains energy from several renewable energy resources.
To compare the cases with and without VPP and/or PHEVs, we ﬁrst
developed a new model that schedules the dispatch of EPs and the
charging and discharging of PHEV batteries. Solving the model for
several different settings, we obtained insightful results.
First and the foremost, this article highlights the cost and
emission beneﬁts of VPP formation and PHEV penetration into the
network. Additionally, sensitivity of these beneﬁts to different
changes in the system is analyzed. The results show that the ben-
eﬁts of VPP formation can ﬂourish if energy generation costs of
renewable energy resources decrease or the capacities of the con-
tracted EPs increase. For the scenarios considered in this paper, an
average of 29.5% cost reduction and 79% CO2 and 83% NOx emission
reductions are attained as shared beneﬁts of consumers in PHEV-Table A.1
Daily average generation, distance, cost and emission breakdowns
Scn. # Generation [MW] Distance [miles] Costs [$] CO2 [kg] NOx [kg]
CD CS Bat. Elec. Gas. T.P. Gen. T.P. Gen.
1 14.92 0 6463.5 0 1934.3 786.1 2268.7 7958.2 0.5 33.2
2 15.04 0 6463.5 0 1259.6 786.1 2268.7 949.0 0.5 4.0
3 16.73 4956.5 1507.0 227.5 2213.2 188.0 542.6 9105.6 0.1 37.9
4 16.92 4923.4 1540.2 226.0 1436.4 191.9 554 1477.4 0.1 6.2
5 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
6 15.08 1.1 6462.5 15.4 1238.6 386.6 2268.3 887.5 0.5 3.7
7 15.47 713.1 5750.4 54.1 1272.3 438.3 1934.4 923.1 0.4 3.9
8 16.91 4813.6 1649.9 236.8 1410.3 168.0 591.5 1466.9 0.1 6.2
9 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
10 16.96 4955.3 1508.2 244.9 1418.4 246.8 543 1495.4 0.1 6.3
11 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
12 16.96 4954.0 1509.5 175.0 1418.2 188.3 543.6 1497.5 0.1 6.3
13 16.96 4956.5 1507.0 105.1 1418.3 188.0 542.6 1499.6 0.1 6.3
14 17.08 4956.5 1507.0 0 1398.0 188.0 542.6 1678.4 0.1 7
15 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
16 22.78 4955.9 1507.6 227.8 792.8 188.1 542.8 589.3 0.1 1.6
17 22.75 4956.5 1507.0 227.5 543.0 188.0 542.6 623.4 0.1 0.7
18 16.95 4922.9 1540.6 241.8 1416.9 192.0 554.2 1488.2 0.1 6.2
19 22.75 4956.3 1507.3 227.5 1191.1 188.0 542.7 0 0.1 0
20 16.95 4887.6 1575.9 249.5 1422.9 196.3 566.5 1233.5 0.1 5.2penetrated networks. The beneﬁts of VPP formation are even
more signiﬁcant when PHEV battery costs decrease and uncertainty
in gasoline prices persists. Results are illustrative of opportunities
that VPP formation can provide for the community.
In addition, we theoretically show that charging and discharging
do not simultaneously occur in the solutions and hence the binary
variables that are traditionally included in energy management
models can be excluded.
There are several tough challenges that the electricity market
needs to tackle in the near future including volatile prices, threats
of supply shortages and capacity expansion requirements of the
regular electricity grid with increasing population. In the mean-
time, there are some real world applications of VPPs emerging all
around the world [3], which could be a fundamental solution to
these challenges. Together with the cost and emission beneﬁts
presented in this study, we expect that the upward trend towards
VPPs will continue, especially with the introduction of new tech-
nologies such as Smart Grid.
As possible future research areas, the uncertainties associated
with the whole system can be taken into account for more robust
schedules. Alsowe assumed no pricing between the consumers andthe VPP. Even though we have shown the cost reduction of VPP
formation, how to share this cost reduction fairly among the parties
can further be investigated.
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Appendix A. Daily average distance, cost and emission
breakdowns
Table A.1 lists daily average distance, cost and emission break-
downs for the 20 scenarios considered in this article. The daily
average trip distance, 6463.6 miles for each scenario, is traveled
either in CS or CD mode. The cost values correspond to the total of
battery deterioration cost, electricity cost and gasoline cost. The
emissions are categorized by the source: tailpipe emissions (T.P.)
and emissions due to electricity generation by EPs (Gen.).References
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